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ABSTRACT 
Speech emotion recognition (SER) is the extraction of a speaker's emotional state from his or her speech signal. SER is a 
branch of human- computer interaction which has made remarkable advancement in the next- gen Artificial Intelligence 
(AI) with emotional intelligence abilities. This paper reviews speech datasets which are available for Indian languages 
and can be used for the purposes of speech emotion recognition. In addition, we also review    prosodic, spectral, voice 
quality, Teager Energy Operator (TEO) based features, linear and non-linear classifiers and various evaluation 
parameters. 
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INTRODUCTION 
Emotion recognition from speech has emerged as an 
important research area in human-computer interaction   
However to achieve good automatic SER performance in 
terms of recognition accuracy, availability of speech 
corpus, the selection of classifiers is crucial.  Indian 
language emotion recognition is a challenging and less 
explored task in these crucial areas. 

India has rich language diversity with 22 languages 
recognized officially under the eighth schedule of the 
Indian constitution. Bakshi Aarti and Sunil Kumar 
Kopparapu, [2018]. In addition to the officially recognized 
Indian languages, there are several languages spoken in 
India. Those languages are divided into four groups such 
as Indo-European, Dravidian, Sino Tibetan and 
Austroasiatic based on dialect and origin. The Indo-Aryan 
languages are a branch of the Indo-Iranian languages in 
the Indo-European language family comprises languages 
such as Assamese, Bengali, Dogri, Gujarati, Hindi, 
Kashmiri, Konkani, Maithili, Marathi, Nepali, Odia, 
Punjabi, Sanskrit, Sindhi and Urdu and they have more 
than 800 million speakers. Dravidian languages are 
Kannada, Malayalam, Tamil and Telugu having 250 
million native speakers whereas Bodo, Manipuri and 
Santali are part of Sino Tibetan and Austroasiatic family 
respectively having native speakers around 1.3 billion and 
6.3 billion.  Each language has several dialects, and 
accents making SER more complex. 

Humans communicate to share their thoughts, feelings, 
ideas, and information. Emotions can be expressed via 
various means like responses, language, behaviour, body 
gestures, posture and movement. Many physiological 
processes like respiration, heart rate, temperature, skin 
sensitivity, muscle and neural membrane potentials also 
contribute to this expression. Using these non-invasive 
parameters can help in understanding the emotional state 
of the speaker without any physical contact and thereby 
can also be effectively used to interpret emotional health 
of the individual. The speech signal has become the latest 
and fastest communication system between humans 
involving complex signal processing systems, networking 
and multiple signalling   units about message, speaker and 
language. Extensive research has been accomplished in the 
last few decades related to conversion of human speech to 
sequence of words.  Despite all these there is a huge gap 
between man and machine as machines cannot understand 
the emotional state of the speaker and thereby fails to 
interpret the emotions of an individual. Salovey et al. 
[2004]. 

The inherent difficulties in deciphering the speaker's 
emotional state just from the person’s voice arise due to 
factors such as ‘what is said’ (factor 1), ‘how it is   said’ 
(factor 2) and ‘who says it’ (factor 3). In the first factor, 
the speech represents the information of linguistic origin 
and depends on the way of choice and pronunciation of the 
words used the language, whereas the second factor carries 
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paralinguistic information related to the speaker’s 
emotional state. The third factor contains cumulative 
information regarding the speaker’s basic features and 
identities like age, gender, and body size M. Swain et al. [ 
2018] 

In the Speech Emotion Recognition system (SER), the 
emotional states from speech signals are extracted and 
identified. T. M. Wani et al. [2021].  For enhancing 
human-machine interaction, understanding the emotional 
state of the speaker is important for perceiving the exact 
meaning of what he or she says. S. Tamanna et al. [ 2022]. 
Two models have become common in speech emotion 
recognition: discrete emotional model, and dimensional 
emotional model. Discrete emotion theory is based on the 
six categories of basic emotions or primary emotions; 
sadness, happiness, fear, anger, disgust, and surprise, as 
described by Ekman [17, 18] Whereas dimensional 
emotional model is an alternative model that uses a small 
number of latent dimensions to characterize emotions such 
as valence, arousal, control, power  M. Berkehan Akcay et 
al.[ 2019]. 

SER has several applications in the areas of artificial 
intelligence, mobile services, call centre conversations, 
interactive movies, E-tutoring, computer games, and 
psychological assessment.  M. Berkehan Akcay et al. 
[2019]. 

In automatic SER designing, the first requirement of 
building an SER system is suitable speech dataset having 
different emotional states. Once the data are collected, the 
raw speech data go through some pre-processing 
techniques such as noise reduction, silence removal, 
framing, windowing, normalization for enhancing the 
speech signal. T.M.Wani  et al. [ 2021] 

After the pre-processing of raw data, the system opts for 
the feature extraction phase, which analyses speech signals 
and obtains different speech characteristics. The selection 
of proper signal features is crucial for better performance 
in recognizing the emotion of speech. From the beginning 
of SER research, various arrangement of speech features 
known as acoustic features like Mel Frequency Cepstral 
Coefficients (MFCC), Pitch, Zero Crossing Rate (ZCR), 
energy and Linear Predictive Cepstral Coefficients 
(LPCC) have been used. A.Koduru et al. [2020]. After the 
feature selection process, a classifying algorithm is 
implemented to recognize the speech emotion. A variety of 
linear classifiers such as Naïve bayes algorithm, Logistic 
regression, least square methods, Perceptron classifier, 
Linear support vector machine and nonlinear classifiers 
include Artificial neural network (ANN), Gaussian 
mixture model (GMM), Hidden Markov model (HMM), 
Decision tree, Non-linear SVM, K-nearest neighbour, 
Polynomial classifier, Kozinec’s algorithm are used. 

In recent years along with the traditional classifiers, 
several deep learning techniques are also being utilized for 
the classification process. Convolutional neural networks 
(CNN), long-short term memory (LSTM), deep CNN and 
Recurrent Neural Network (RNN) are commonly used 

ones. The trend of using multiple classifiers to enhance the 
result of recognition rate is also observed in many SER 
studies. L.Zhu et al. [ 2017]. 

It is observed from the brief literature review   that, work 
on speech emotion recognition is done in languages like 
English, German, French, Chinese etc. but Indian language 
emotion recognition is a challenging and less explored 
task C. Chakraborty et al. [2022]. 

This study presents a brief review of available literature on 
various datasets, important speech features and classifiers, 
evaluation parameters taken into consideration for SER for 
Indian languages. 

The article is arranged as follows. Section 1 gives review 
of datasets used, features used and different classification 
techniques available in the literature are covered in section 
2 and 3 respectively, section 4 presents evaluation 
measures used and finally, conclusion is drawn in section 
5. 

Section I. Speech Corpus for Indian Languages: 
To evaluate the performance of a speech recognition 
system it is essential to design a suitable dataset Ayadi et 
al. [2011]. There are four criteria necessary in preparing a 
dataset the scope, the physical existence, contents and the 
actual language chosen. The scope of a dataset design 
consists of several kinds of variation in a dataset like 
number of speakers,  gender of the speaker, range of 
emotions, number of dialects, type of language and age, 
the emotional states recorded and the kind of the emotions 
[natural, simulated(actor) elicited(induced)] are also taken 
into consideration for better performance. M. Swain et al. 
[2018]. According to Eckman [1992], the basic emotions 
are categorised as anger, fear, sadness, sensory pleasure, 
amusement, satisfaction, contentment, excitement, disgust, 
contempt, pride, shame, guilt, embarrassment and relief. 
Non basic emotions are called “higher level” emotions 
Buck [1999] and they are rarely represented in data 
collection.  The objective and methods of collecting 
speech corpora, highly vary according to the motivation 
behind the development of speech system. There are three 
kinds of datasets which are used for development of 
speech emotion recognition systems- Actor(simulated), 
Elicited (Induced), Natural emotional speech dataset. 
Simulated speech corpora are collected from experienced 
and trained artists. Elicited or induced speech corpora are 
collected   by simulating artificial emotional situations, 
without the speaker’s knowledge. Naturally available real-
world   speech is collected from various sources such as 
call centre data etc.  Koolagudi et al. [ 2012]. 

In Indian languages, some established and validated 
speech corpora are available for some of the languages. 
The simulated speech corpus in Assamese (native 
language)-Indo Aryan language is created by Kandali et al. 
[2008]. A dataset of Assamese spoken sentences 
comprising 1005 sentences is used by B. Deka et al. 
[2019] for speech recognition. Five statements for 7 
induced emotions per category were used which included 
sentences spoken in Assamese by N. Choudhury et al. 
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[2022]. This dataset comprises basic emotions such as sad, 
disgust, fear, happy, surprise and angry. 

Hindi is the most spoken language among Indo-Aryan 
languages, S.B. Wankhede. et al. [2011] used Hindi 
emotional dialogue dataset from Bollywood movies along 
with a Berlin dataset. A large corpus with 3000 utterances 
were created in Hindi language comprising isolated words 
with six basic emotions. Agarwal, [2011], author   used a 
Hindi speech corpus with 25 sentences with anger, 
happiness, sad, neutral, surprise.  K. S. Rao et al. [2011] 
felt the necessity of a speech corpus in   Indian languages 
and created the Indian Institute of Technology Kharagpur 
Simulated Emotion Hindi Speech Corpus (IITKGP-
SEHSC) containing 12000 utterances, also GEU Semi 
natural emotion speech corpus used consists of recording 
of Hindi Movies and is used by Koolagudi et al. [2012]. 
The IITKGP-SEHSC dataset   is used by Agrawal [2020], 
Nayak et al. [2020], Sandeep Kumar et al. [2021] for 
speech emotion recognition. Hindi speech dataset is 
developed at IPEC by Bansal et al. [2015] for emotion 
recognition. 

The Oriya   emotional speech corpus used by Mohanty 
[2011] is designed by the Department of Computer 
Science and Application at Utkal University of Orissa. It 
consists of 900 phrases with emotion classes such as 
anger, sadness, astonish, fear, happiness and neutral.  M. 
Swain et al. [2022] used Odiya language dataset with 3780 
utterances and compared with RAVDEES dataset in 
English language.   Compared to Hindi language, less 
resources are available in other Indo- Aryan languages like 
Marathi, Gujarati etc.  Marathi speech corpus with 
continuous sentences uttered in 6 emotions i.e., happiness, 
anger, neutral, fear, sadness, boredom produced by 10 
speakers is developed and used by D. Joshi et al [2013]. A 
dataset of Marathi words with 924 speech utterances is 
used by V.  Kamble et al. [2015].  Darekar et al. [2018] 
used a Marathi language dataset with 1200 speech samples 
for emotion recognition. Sweta Padman and Dhiraj 
Magare [2022] developed a Marathi language dataset 
comprising of 180 utterances of phrases.   T. Tulasi 
Sasidhar et al. [2020] used Hinglish (Hindi+ English) 
12000 utterances including Vijay et al. [2014] dataset of 
code-mixed text for emotion detection. 

SUBESCO is the only verified  simulated emotional 
speech corpus for Bangla language   with 7000 audios 
consists of seven basic emotions like anger, fear, disgust, 
happiness, neutral sadness and surprise used by   S. 
Sultana et al. [ 2021]and C. Chakraborty et al. [ 2022] 

International University in Bangladesh has developed 
Bangla speech corpus consisting of 300 audio samples 
consisting of six emotional states, used for emotion 
recognition  F. Saad   et al. [2021]. 

The emotion corpus is collected in five provincial 
languages of Pakistan: Urdu, Pashto, Punjabi, Sindhi and 
Balochi with four different emotions such as anger, 
happiness, neutral and sad from random, non-
actors/common public. Ali et al. [2015].  UTU Semi 
Natural Emotion Speech Corpus (UTU-SNESC) dialogues   
recorded by mimicry artists   in Hindi, Gujarati, Tamil, 
Telugu, Oriya, Bangla, Punjabi, and Marathi languages 
with 21, 840 utterances are used by P. Mehra et al. [2022]. 
Sirsa et al. [2013] used Indian English, Hindi, Telugu 
languages datasets for emotion recognition. M. Farhad et 
al. [2021] has explored Arabic, English, and Urdu 
languages datasets.  Zehra W. et al. [ 2021] used English, 
Urdu, Berlin and Italian datasets. 

The IITKGP-SESC, Indian Institute of Technology 
Kharagpur simulated emotion speech corpus, developed 
by a team from Indian Institute of Technology Kharagpur 
in 2009, is the first corpus in Telugu, an Indian language 
with 12000 utterances  Koolagudi et al. [2009] with basic 
emotions. 

C. Vijesh J [2014] developed Tamil Speech corpus using 
Tamil Play for analysis of emotions like happiness 
sadness, fear or anger.  T.M.Rajish  et al. [ 2015] 
developed a simulated speech corpus using non -
professional actors for four basic emotions expressing 
neutrality, happiness, sadness and anger. Emotion 
recognition in Tamil, Malayalam and ‘Indian English’ 
language is done by Praveena D. et al. [2017] using 
simulated emotion datasets for emotions like anger, 
happiness and sadness along with neutrally spoken 
utterances. V. Soumya et al. [ 2020] developed a dataset in 
Tamil language to recognize basic emotions. A further 
contribution in the same language was done by Fernandes 
J. Bennilo et al. [2022] by developing a simulated dataset 
consisting of 1400 audio samples for recognizing emotions 
such as fear, rage, grief, happiness, disgust, and boredom. 

Similarly, a dataset in Kannada language was developed 
by Kannadaguli et al [2018] consisting of four basic 
emotions, which are, happiness, sadness, excitement and 
anger with 2800 audio samples. 

Some datasets available in Indian languages is listed in 
Table 1. 

Table 1: Dataset available in Indian languages for speech emotion recognition 
S. No Author 

details 
and 
Year 

Language Type of 
dataset 

Emotion 
classes 

Recognised 

Size of 
dataset 

Type of 
emotion 

1 Kandali 
A. et al. 
(2008) 

Assamese (native 
language) 

Acted 6 27 speakers 
(14 male and 
13 female) 

Anger, 
Disgust, 

Fear, 
Happiness 
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Sadness 
2 Chaudha

ry N.et 
al. 

(2022) 

Assamese Acted 7 1750 Audio 
samples 

Disgust, 
Surprise, 
Angry, 

Fear, Sad, 
Happy 

Neutral/cal
m 

3 S.B. 
Wankhed
e (2011) 

Hindi and Berlin Acted 5 German 
language-493 
utterances of 5 

male and 5 
female 

Anger, 
Happiness, 
Sadness, 
Neutral 

Fear 
4 Agarwal 

et al. 
(2011) 

Hindi Native 
speaker 
dataset-
Elicited 

6 3600(Isolated 
words _ 
vowels) 

Neutral, 
Sad, 

Surprise, 
Happy, 
Fear, 
Anger 

5 Agarwal 
et al. 

(2020) 

Hindi Acted 5 285 utterances 
25 sentences 
by 4 speakers 

Anger, 
Happiness, 

Neutral, 
Sad, 

Surprise 
6 Rao K. 

S. et al. 
(2012) 

Hindi Acted 8 15 sentences 
12000 

utterances 

Anger, 
Disgust, 

Fear, 
Happy, 
Neutral, 
Sadness, 
Sarcastic, 
Surprise 

7 Koolagu
di et al. 
(2012) 

Hindi Recordin
g of 

Hindi 
movies-

semi 
natural 

4 43 min -30 
Male speakers 

13 Min-25 
Female 
speakers 

Sadness, 
Anger, 

Happiness, 
Neutral 

8 Nayak et 
al. 

(2020) 

Hindi Acted 8 15 sentences 
12000 

utterances 

Anger, 
Disgust, 

Fear, 
Happy, 
Neutral, 
Sadness, 
Sarcastic 
Surprise 

9 Sandeep 
Kumar et 

al. 
(2021) 

Hindi Acted 4 1200 
sentences and 

12000 
utterances 

Angry, 
Fear, Sad, 

Happy 
Neutral 

10 Mohanty 
S. et al. 
(2011) 

Oriya Elicited 6 900 phrases, 
Average 

words 10 by 
23 male 12 

female 

Anger, 
Sadness, 
Astonish, 

Fear, 
Happiness, 

Neutral 
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11 Swain M 
et al. 

(2022) 

Odia and 
RAVDEES 

Acted 8 3780 
utterances by 
3 male and 3 

female 

Anger, 
Surprise, 

Fear, 
Sadness, 

Happiness, 
Neutral, 

and 
Disgust 

12 Joshi D. 
et al. 

(2013) 

Marathi Non-
Professio

nal 
Speakers
-Elicited 

6 180 utterances 
Approx by 5 
male and 5 

Female 

Happiness, 
Anger, 
Neutral, 

Fear, 
Sadness, 
boredom 

13 Kamble 
V et 

al.(2015) 

Marathi Acted 6 924 speech 
utterances, 11 
male and 11 

female 
speakers 

Anger, 
Happy, 

Sad, Fear, 
Neutral 
Surprise 

14 Darekar 
R. et al. 
(2018) 

Marathi Acted 6 1200 speech 
samples 

Happy, 
Angry, 
Neutral, 

Sad, Fear 
Surprise 

15 Sweta 
Padman 

and 
Dhiraj 
Magare 
(2022) 

Marathi Elicited 5 180 utterances 
of phrases 

Anger, 
Happiness, 

sadness, 
Fear 

Disgust 

16 Bharti D 
et al. 

(2020) 

Hindi, Marathi – 3 – Happy, 
Anger 
Sad 

17 T Tulasi 
Sasidhar 

et al. 
(2020) 

Hinglish 
(Hindi+English) 

– 3 12000 codes Happy, 
Sad 

Anger 

18 Dhar P. 
et al. 

(2021) 

Bangla and 
RAVDEES 

Elicited 3 301 audio 
speeches 

Angry, 
Happy 
Neutral 

19 S. 
Sultana 

et al 
(2021) 

Bangla and 
American English 

Acted 7 7000 
recordings 

files from 10 
male and 10 

female 

Anger, 
Disgust, 

Fear, 
Happiness, 

Neutral, 
Sadness 
Surprise 

20 Chakrab
orty C. et 

al. 
(2022) 

Bangla Bangla 
SER - 

Nonprofe
ssional 
speaker 

SUBESC
O- Acted 

5 1467 -Bangla 
SER 

samples7000 
files for 

SUBESCO 

Anger, 
Happy, 
neutral, 
Sadness, 
Surprise, 

Fear 
Disgusting 

21 Saad F. 
et al. 

(2021) 

Bangla and 
English 

Elicited 6 300 samples 
by 11 speakers 

Happy, 
Anger, 
Neutral, 

Sad, 
Disgust 
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Fear 

22 Ali S. et 
al. 

(2015) 

Urdu, Pashto, 
Punjabi, Sindhi 

and Balochi 

Acted 
(Non-

Professio
nal) 

4 40 samples Anger, 
Happiness, 

Sad 
Neutral 

23 Mehra P. 
et al. 

(2022) 

Hindi, Tamil, 
Gujarati, Bangla, 
Telugu, Punjabi, 

Oriya, Urdu 

Semi 
Natural 

9 21840 
utterances in 

specific 
language 

Neutral, 
Fear, 

Anger, 
Sadness, 

Happiness, 
Surprise, 
Excited, 
Disgust 

Frustrated 
24 Koolagu

di et al. 
2009 

Telugu Acted 8 12000 
utterances   5 
male and 5 

females 

Anger, 
Compassio
n, Disgust, 

Fear, 
Happy, 
Neutral, 
Sarcastic 
Surprise 

25 C Vijesh 
Joe 

(2014) 

Tamil Acted 5 – Happy, 
Neutral, 

Sad, Fear 
Anger 

26 Rajisha 
T. M et 

al. 
(2015) 

Malayalam Acted 
(Non-

Professio
nal) 

4 1280 
sentences by 8 
male, 8 female 

Neutral, 
Happy, 

Sad, Anger 

27 Fernande
s J. 

Bennilo 
et al. 

(2022) 

Tamil Acted 7 1400 samples 
by 10 Male 

and 10 female 

Happy, 
Fear, 

Normal, 
Anger, 

Boredom, 
Sad, 

Disgust 
28 Kannada

guli P. et 
al. 

(2018) 

Kannada Native 
speaker- 
recorded 

4 2800 samples Happy, 
Sad, 

Excited 
Anger 

29 Kamalde
ep K. et 

al. 
(2021) 

Punjabi Acted 6 900 
Utterances 7 
males and 8 

females 

Happy, 
Neutral, 

Sad, 
Anger, 
Fear 

Surprise. 
30 M. 

Farhad et 
al. 

(2021) 

Arabic, English, 
and Urdu 
languages. 

– 3 – Happy, 
Sad 

Angry 

Section II:  Language specific features: 
Human beings could interpret and detect linguistic and 
paralinguistic information. M. Swain et al. [2018]. 
Choosing suitable features for developing SER is a crucial 
decision, as the most predominant characteristics of SER 

can be derived through a person’s speech. Koolagudi et al. 
[2012]. Speech is practically a continuous signal but of 
varying length and carries both information and emotion. 
Extraction and selection of peculiarities of one’s speech 
imparts great importance in successfully identifying a 
person’s emotional state. Furthermore, factors like 
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regional expressions peculiar to a language, voice 
intonation and modulation makes emotion recognition 
ambiguous.  The English language, more than any other, 
was chosen as the guinea pig for experiments to develop 
SER, pertaining to the previously established and 
accessible records of its grammar and rules.  There are 
several features like local, global, continuous speech 
qualitative, spectral and Teager energy operator (TEO) 
based, excitation source features, vocal tract features etc. 
have been utilized along with the different classifying 
models to develop accuracy in SER. Local features are 
known as short term or segmental features represents 
temporal dynamics to approximate a stationary state. 
Global features are called long–term or supra segmental 
features   represents gross statistics such as mean, standard 
deviation etc. 

In this paper, study on some important speech features 
such as Prosodic features, Spectral features, Voice quality 
features, Teager Energy Operator (TEO) based features 
etc. is presented. 

Excitation source features: Speech features derived from 
excitation source signal are known as source features. 
Excitation source signal is obtained from speech, after 
suppressing vocal tract (VT) characteristics which is 
achieved by, first predicting the VT information using 
filter coefficients (linear prediction coefficients (LPCs)) 
from speech signal, and then separating it by inverse filter 
formulation. The resulting signal is known as linear 
prediction residual, and it contains mostly the information 
about the excitation source such as LP residual. LP 
analysis is carried out on the speech with the sampling rate 
of 16Khz, LP order of 13 and frame size of 320 ms with 
the shift of 160ms every time. Feature vectors are formed 
for LP residual signal of the speech signal taking 40 
samples at a time. Emotions such as anger, sad, neutral and 
happy are recognized on IITKGP-SEHSC Hindi language 
dataset by S.G.Koolagudi et al. [2012] using excitation 
source features. 

Intonation and rhythm are para-linguistic features as they 
deal with the elements of speech that are properties of 
large units as in syllables, words, phrases and sentences. 

Prosody features:   Prosody or supra segmental 
information forms the flow structure of speech and 
consists of pitch, duration, intensity, intonation and sound 
units. The acoustic correlates of prosodic features include 
pitch, energy, duration and their derivatives. Rao and 
Yegnanarayana [2006]. 

Pitch is the most salient property of the voice and 
describes its “highness” or “lowness” Titze [2000]. The 
perception of pitch is influenced by multiple acoustic 
parameters such as amplitude and resonant (or formant) 
frequencies; however, the primary determinant of pitch is 
fundamental frequency (F0), the rate of vocal fold 
vibration during phonation. Titze [2000]. Indeed, pitch 
and F0 are often used as though they are nearly 
synonymous, though the former is a perceptual feature 
whereas the latter describes the physical properties of the 

sound waveform. Koolagudi et al. [2009] defined a 
speech-based emotion recognition using prosodic features 
for emotions such as anger, compassion, disgust, fear, 
happy, neutral, sarcastic and surprise. In this paper, the 
first order statistics (Mean of the distribution) for the 
analysis of basic emotions is used. The average values of 
the prosodic parameters are determined at sentence level. 
Each artist has uttered 1200 sentences (15sentences × 
8emotions × 10sessions), out of which, 960 sentences are 
used for deriving the statistical models and the remaining 
240 are used for verifying the models. Authors have 
considered (1) duration patterns, (2) average pitch, (3) 
variation of pitch with respect to mean (Standard 
Deviation (SD)), and (4) average energy. 

The fundamental frequency F0, is created by vibrations in 
the vocal cords which gives rhythmic and tonal 
characteristic of speech, the energy of the speech signal 
referred as volume or intensity provides a representation 
which reflects amplitude variation of speech signal over 
the time. Agarwal S.et al.[2011, 2020] tried prosody 
features and spectral features in acoustic analysis such as 
Fundamental frequency F0, Intensity and Pitch. An F0 
curve is observed for anger, happy and Sad and Surprise 
emotions and pitch for fear and natural mood. 

Duration is the amount of time to build vowels, words and 
similar constructs   that are present in speech.  Speech rate, 
duration of silence regions, rate of duration of voiced and 
unvoiced regions, duration of longest voiced speech is 
among the most widely used duration related features.  M. 
Berkehan Akcay et al. [ 2019].   K.S. Rao et al. [2011] 
explored feature sets such as duration patterns of the 
sequence of syllables, energy contours and pitch contours 
of an utterance to recognize emotions in Hindi language. 
The total number of utterances in the dataset is 12000(15 
sentences X 8 emotions X 10 artists X 10 sessions). The 
eight emotions considered for recording this dataset are 
anger, disgust, fear, happy, neutral, sadness, sarcastic and 
surprise. 

S. Ali et al. [ 2015]   used demonstrative speech emotion 
corpus consists of 40 samples taken from recording of 
male and female speakers in the provincial languages of 
Pakistan (Urdu, Balochi, Pashto Sindhi and Punjabi) using 
prosody features. Emotions are analysed using prosodic 
features such as pitch mean, pitch median, pitch standard 
deviation, energy by S. Sultana et al. [2021] for Bengali 
language dataset. 

Nonnegative matrix factorization (NMF) is way of 
decomposing a signal into a convex combination of 
nonnegative building blocks (also called basis vectors) by 
minimizing a cost function. Typical cost functions are the 
Euclidean distance and the Kullback-Leibler (KL) 
divergence. Therefore, NMF can separate sound sources 
when their corresponding building blocks are sufficiently 
distinct, as is the case of speech and noise. Ludeña-Choez 
et al. [2012].  Darekar et al. [ 2018] used NMF and pitch 
features for Marathi SER. 
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Spectral Features: Spectral features are obtained by 
transforming the time domain signal into the frequency 
domain signal using the Fourier transform. The most 
widely used spectral feature in automatic speech 
recognition is Mel Frequency Cepstral Coefficient 
(MFCC). T.M.Wani  et al. [ 2021]. 

MFCCs are commonly derived as follows: 
1. Take the Fourier transform of (a windowed excerpt of) a 

signal. 

2. Map the power of the spectrum obtained on top of onto 
the mel scale, using triangular overlapping windows. 

3. Take the logs of the powers at each of the Mel 
frequencies. 

4. Take the discrete cosine transform of the list of Mel log 
powers, as if it were a signal. 

5. The MFCCs are the amplitudes of the resulting 
spectrum. 

There may be versions on this method, for instance: 
differences inside the shape or spacing of the home 
windows used to map the size, or addition of dynamics 
capabilities which includes "delta" and "delta-delta" (first- 
and 2d-order frame-to-body distinction) coefficients.   
Q.jin et al [2015]. 

Kandali et al. [ 2008] computed MFCC, delta MFCC, 
delta-delta MFCC and total log-energy features   from 
each frame using Mel-frequency filter banks for 
recognition of Assamese (native languages). In machine 
recognition of emotion, Agarwal S.et al.[2011, 2020] tried 
MFCC features and intensity and pitch values extracted 
from each frame of the samples. 

V. Kamble et al. [ 2015], D. Praveena et al. [ 2017], P.  
Kannadaguli et al. [2018], P. Dhar et al [2021]. and F. Saad 
et al. [2021]   used MFCC features for Marathi, Tamil, 
Malayalam, Indian English, Kannada and Bengali 
language SER. 

Gammatone Mel Frequency Cepstral Coefficient 
(GMFCC) deals with basilar membrane displacement 
obtained from the gammatone filter, and it is useful for 
recognizing gender from emotional speech. Discrete 
wavelet Mel Frequency Cepstral Coefficient (DMFCC) 
deals with MFCC analysis on the high-frequency 
components of speech rather than the low-frequency 
components. G. Sandeepkumar et al [2021] explored   
GMFCC, DMFCC. GMFCC and DMFCC features on the 
Hindi language dataset. 

M. Swain et al. [2022] presented a new approach for SER 
recognition task by extracting utterance-level log Mel-
spectrograms and their first and second derivative (Static, 
Delta, and Delta-delta), represented as 3-Dlog Mel-
spectrograms for recognising emotions as anger, surprise, 
fear, sadness, happiness, neutral and disgust. 

Spectral Shape based Features:  Along with MFCC 
features, spectral shape-based features are also used in 

speech emotion recognition such as spectral centroid, 
flatness, crest, entropy, flux, skewness, decrease, slope, 
central and spectral spread. 

1. Spectral Centroid: Spectral Centroid indicates where 
the centre of mass of the spectrum is located.  It 
describes brightness of a sound signal and hence also 
called brightness feature of a sound. It is computed 
considering the spectrum as a distribution which values 
are the frequencies and the probabilities to observe 
these are the normalized amplitude. 

2. Spectral Flatness: Spectral flatness is the measure of 
the uniformity in the frequency distribution of the 
power spectrum. It is calculated as the ratio of the 
geometric mean to the arithmetic mean. It can be used 
to distinguish between harmonic and noise like sounds 

3. Spectral Crest Factor: In contrast to the spectral 
flatness, spectral crest factor determines how peaked is 
the power spectrum of the sound signal. It is also used 
to distinguish between harmonic/tonal sounds and 
noise like sounds. It is higher for harmonic/tonal 
sounds and lower for noise like sounds 

4. Spectral Entropy:  Entropy is also the measure of 
uniformity of flatness, and it is computed as Shannon’s 
entropy. 

5. Spectral Flux: The spectral flux is defined as 2-norm of 
the frame-to-frame spectral amplitude difference 
vector. It points the sudden changes in the frequency 
energy distribution of sounds. 

6. Spectral Skewness: Spectral skewness is the 3rd order 
statistical value, and it measure the symmetry of the 
spectrum around its arithmetic mean value. 

7. Spectral Decrease: It explains the average spectral-
slope of the rate-map representation, putting a strong 
emphasis on low frequencies. 

8. Spectral Slope: It is the measure of slope of the 
amplitude of the signal, and it is computed by linear 
regression. 

9. Spectral Centre: This feature is closely related to the 
spectral centroid. It is the measure of the median 
frequency present in the signal spectrum. Sharma G. et 
al. [2019] 

10. Spectral Spread: It is also called as Spectral 
Dispersion. This feature is closely related to the 
bandwidth of the signal. It can be described as average 
deviation of the rate-map around its centroid. Sethares 
WA et al. [2005] 

Along with MFCC features. J. Fernandes et al. [2022] 
presented MFCC, spectral centroid, crest, entropy, 
flatness, flux, skewness, slope features for Tamil language 
emotion recognition. Chakraborty et al. [2022] used Phase 
Based Cepstral Coefficients for SER. 

Voice quality features: Voice quality is determined by the 
physical properties of the vocal tract. Involuntary changes 
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may produce a speech signal that may help us differentiate 
between   emotions using properties such as the jitter, 
shimmer, and harmonics to noise ratio (HNR). Jitter 
computes variations of fundamental frequency, whereas 
shimmer computes cycle to cycle variations of amplitude 
in a waveform. Harmonics to Noise Ratio (HNR) is 
computed as the ratio between harmonic part of the signal 
to rest of the signal.  Sharma G. et al. [2019]. There is a 
strong correlation between voice quality and emotional 
content of the speech Cowie R. et al. [ 2001]. The work 
presented by Mohanty et al. [2011] explored a 
combination of features as mean pitch, first and second 
formants, jitter, shimmer, and energy for emotion 
recognition from speech. 

Combination of Features: Recent trends in research of 
speech emotion recognition emphasized the use of a 
combination of different features to achieve improvement 
in the recognition performance. Koolagudi et al. [2012]. 
For Marathi language emotion recognition D.  Joshi et al. 
[2013] explored the combination of features as energy, 
pitch, formants, MFCC and used Discrete wavelet 
transform as feature vector. C. Vijesh Joe explored MFCC 
and Energy features in [2014] and the SER system defined 
by T.  Rajisha et al. [2015] used MFCC, STE which is 
average energy per frame and pitch features.  Linear 
Predictive Cepstral coefficients (LPCC) derived from 
LPCs and MFCC features are used by Bansal et al. [2015] 

on Hindi language datasets. Nayak et al. [2020] further 
explored speech features such as pitch, energy, ZCR and 
MFCC using the same dataset for emotion recognition.  
Various feature sets such as voice, pitch, MFCC and Short-
Term Energy (STM) are used by D. Bharti et al. [ 2020] on 
language datasets of Hindi and Marathi for recognizing 
emotions such as happiness, anger and sadness.  M. 
Farhad et al. [2021] has explored Pitch and Cepstral 
features for Arabic, English, and Urdu languages. N. 
Chaudhary et al. [2021] explored prosody features (pitch, 
energy, zero crossing rate), quality features (formant 
frequencies, spectral features), derived features (mel-
frequency cepstral coefficient (MFCC), linear predictive 
coding coefficients (LPCC)) and dynamic feature (Mel-
energy spectrum dynamic coefficients (MEDC)) for 
recognition of Assamese language. Combination of 
features such as LPC, LPCC, i-vector, v-vector, MFCC is 
used along with pitch for recognition of various languages 
such as Hindi, Gujarati, Marathi, Punjabi, Bangla, Tamil, 
Oriya and Telugu by P. Mehra et al [2022].  Zehra W. et al. 
[2021] explored features such as MFCCs, Spectral (Roll-
off, flux, centroid, bandwidth), Energy (Root-mean-square 
energy), Raw Signal (Zero crossing rate), Pitch 
(Fundamental frequency), and Chroma features are also 
used for experimentation. 

The following table shows Indian languages and features 
used for speech emotion recognition. 

Table 2: Indian languages and features used for speech emotion recognition 
S.No Year Language Features used 

1 Kandali A. et al. 
(2008) 

Assamese 
(native 

language) 

Mel-frequency cepstral coefficients (MFCC)  

2 Deka B et al. 
(2019) 

Assamese -- 

3 Chaudhary N.et al. 
(2022) 

Assamese Prosody features (i.e. pitch, energy, zero crossing 
rate), quality features (i.e. Formant Frequencies, 
Spectral features etc.), derived features (i.e. Mel-
Frequency Cepstral Coefficient (MFCC), Linear 

Predictive Coding Coefficients (LPCC)) and 
dynamic feature (Mel-Energy spectrum dynamic 

Coefficients (MEDC)) 
4 S.B. Wankhede 

(2011) 
Hindi and 

Berlin 
The speech features such as, Mel Frequency 

cepstrum coefficients (MFCC) and Mel Energy 
Spectrum Dynamic Coefficients (MEDC) are 

extracted from speech utterance. 
5 Agarwal et al. 

(2011) 
Hindi Prosody-f0, a0 and d and Spectral features-MFCC 

6 Agarwal et al. 
(2020) 

Hindi Pitch, Energy, ZCR & MFCC 

7 Rao K. S. et al. 
(2012) 

Hindi (a) duration patterns of the sequence of syllables, 
(b) energy contours and (c) pitch contours of an 

utterance 
8 Koolagudi et al. 

(2012) 
Hindi Excitation Source features -LP Residual of speech 

signal 
9 Nayak et al. (2020) Hindi Pitch, energy, MFCC and ZCR 
10 Sandeep Kumar et 

al. (2021) 
Hindi GMFCC and DMFCC 
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11 Bansal S. et al. 
(2015) 

Hindi LPCC and MFCC 

12 Mohanty S. et al. 
(2011) 

Oriya Mean pitch, first and second formants, jitter, 
shimmer and energy. 

13 Swain M et al. 
(2022) 

Odia and 
RAVDEES 

 

14 Joshi D. et al. 
(2013) 

Marathi Energy, pitch, formants and Mel frequency 
cepstrum coefficient (MFCC).  Discrete Wavelet 

Transform for Feature Vector  
15 Kamble V et al. 

(2015) 
Marathi MFCC 

16 Darekar R. et al. 
(2018) 

Marathi NMF, Cepstral, Pitch 

17 Sweta Padman and 
Dhiraj Magare            

( 2022) 

Marathi MFCC 

18 D. Bharti et. al 
(2020) 

Hindi, Marathi Voice Pitch, MFCC (Mel Frequency cepstral 
coefficients), and STM (Short Term Energy). 

19 T Tulasi Sasidhar 
et al. (2020) 

Hinglish 
(Hindi+ 
English) 

Bilingual model for sentences- vectors 

20 Dhar P. et al. 
(2021) 

Bangla and 
RAVDEES 

MFCC and LPC 

21 S. Sultana et al 
(2021 

Bangla and 
American 
English 

Prosodic features- Pitch Mean, Pitch median, Pitch 
standard deviation, energy 

22 Chakraborty C. 
et.al (2022) 

Bangla Phase based Cepstral features 

23 Saad F. et al. 
(2021) 

Bangla and 
English 

MFCC  

24 Ali S. et al. (2015) Urdu, Pashto, 
Punjabi, Sindhi 

and Balochi 

Prosodic features-pitch, intensity and formants 

25 Mehra P. et al. 
(2022) 

Hindi, Tamil, 
Gujarati Bangla, 
Telugu, Punjabi, 

Oriya, Urdu 

Mel Frequency Cepstral Coefficients and Linear 
Prediction coefficients, and Pitch. 

26 Koolagudi et al. 
2009 

Telugu Prosodic Features comprising (1). duration patterns, 
(2) average pitch, (3) variation of pitch with respect 
to mean (Standard Deviation (SD)), and (4) average 

energy. 
27 C Vijesh Joe 

(2014) 
Tamil MFCC and Energy 

28 Rajisha T. M et al. 
(2015) 

Malayalam The system used Mel Frequency Cepstral 
Coefficients (MFCCs), Short Time Energy (STE) 

and Pitch as features extraction techniques 

29 Pravena D. et al. 
(2017) 

Tamil, 
Malayalam and 
Indian English 

Conventional mel frequency cepstral coefficients 

30 V.Sowmya et al. 
(2020) 

Tamil MFCC, Energy 

31 Fernandes J. 
Bennilo et al. 

(2022) 

Tamil MFCC, Spectral centroid, crest, entropy, flatness, 
flux, skewness, slope 

32 
Kannadaguli P. et 

al. (2018) Kannada MFCC 
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33 
Kamaldeep K. et 

al. (2021) Punjabi Subjective Test 

34 
Sirsa et al. (2013). Indian English, 

Hindi, Telugu 

Acoustic measurements on monophthongal vowels, 
select obstruent consonants, and suprasegmental 

temporal patterns 

35 
M. Farhad et al. 

(2021) 

Arabic, English, 
and Urdu 
languages. Pitch and Cepstral features 

Section III: Classifiers used: 
Speech emotion recognition systems classify underlying 
emotions for a given utterance. Including traditional 
classifiers and deep learning algorithms, many machine 
learning algorithms are used to carry out the speech 
emotion recognition task. However, just as with any 
complicated problem, there is no generally accepted 
machine learning algorithm that can be used; current 
studies are generally empirical M. Swain   et al. [2022]   
Classification of SER can be carried out in two ways: (a) 
Linear Classifiers (b) Nonlinear classifiers.  Numerous 
classifiers have been utilized for the SER system, but 
determining which one works the best is difficult. T.M. 
Wani et al. [2021]. 

Examples of linear classifiers are Naïve Bayes Algorithm 
(NBC), Logistic regression, Least Square Methods, 
Perceptron Classifier, Linear Support Vector Machine. 
Nonlinear classifiers include Artificial neural network 
(ANN), Gaussian mixture model (GMM), Hidden Markov 
model (HMM), Decision tree, Non-linear Support vector 
machine (SVM), K-nearest neighbour, Polynomial 
classifier and Kozinec’s algorithm. Popular classifiers are 
Hidden Markov Model (HMM), Gaussian Mixture Model 
(GMM), Support Vector Machines (SVM), and Artificial 
Neural Networks (ANN), Tree based methods, Ensemble 
methods. 

In [2009] Koolagudi et al. used Euclidean distance 
measures for speech emotion recognition of Telugu 
language by extracting prosodic features. 

Gaussian Mixture Model (GMM): A Gaussian Mixture 
Model (GMM) is a parametric probability density function 
represented as a weighted sum of Gaussian component 
densities. GMM parameters are estimated from training 
data using the iterative Expectation-Maximization (EM) 
algorithm or Maximum a Posteriori (MAP) estimation 
from a well-trained prior model. Patel. P et al. [ 2017]. 
A.Kandali et al. [ 2008] proposed a GMM classifier for 
Assamese (native language) for six emotions: anger, 
disgust, fear, sadness, happiness. S.G. Koolagudi et al. 
[2012] explored the GMM classifier on the IITKGP-
SEHSC Hindi language dataset. Marathi language dataset 
SER is explored by V. Kamble et al. [2015] using GMM. 
Speech emotion recognition is done for different 
languages like Tamil, Malayalam and Indian English using 
Gaussian Mixture model D.pravena et al. [2017] 

Hidden Markov Model (HMM):  HMM relies on the 
Markov property which says that the current state of a 
system at a time t only depends on the previous state at 

time t − 1. The term “hidden” denotes the inability of 
seeing the process that generates the state at time t. It is 
then possible to use probability to predict the next state by 
making observations of the current state of the system.  
Mehmet Berkehan Akçay and Kaya Oğuz [2020]. 

F. Saad et al. [2021] utilized HMM model for emotion 
classification of Bangla and English language. Authors 
compared performance of HMM classifiers with other 
classifiers like GMM, KNN, ANN and SVM.  on the 
SUBESCO -Bangla   language dataset.  For   Kannada 
language emotion identification. P. Kannadaguli et al. 
[2018] used HMM classifier. 

Support Vector Machine (SVM): SVM is supervised and 
preferential. The classifier is generally described for 
linearly separable patterns by splitting hyperplanes. The 
SVM makes use of kernel trick to model nonlinear 
decision boundaries. The SVM classifier aims to detect 
that hyperplane having maximum margin between two 
classes data points. The original data points are mapped to 
new spaces if the given patterns are not linearly separable 
by utilizing a kernel function   Q. Jin et al. [ 2015]. SVM 
has been used as a classifier by   N.  Chaudhary et al 
[2022], S. Sultana et al. [ 2021], C. Vijesh Joe [ 2014], D. 
Joshi et al. [2013] for recognition of Indian languages as 
Assamese, Bangla, Tamil and Marathi respectively for 
primary emotions. S.B. Wankhede et al. [2011] compared 
SVM and LIBSVM radial basis function classifiers on the 
Hindi language dataset for anger, sad, happy and neutral 
emotions. 

D. Bharti et al. [2020] used GFCC algorithm for citation 
of the feature sets based on the DCT and High pass Filter 
method, along with the   ALO algorithm to select the 
instances with the help of coverage and fitness function. 
The novel MSVM algorithm is used   to classify the 
emotion-based on the feature set and   evaluate   the 
performance metric such as accuracy rate etc. In [2022] M. 
Swain et al. experimented with support vector machine 
and ensemble classifiers using soft-max for SER of Odia 
and RAVDEES datasets in Odia language. 

K-Nearest Neighbour (KNN): The k-nearest neighbour 
(KNN) algorithm is a non-parametric, supervised learning 
classifier, which uses proximity to make classifications or 
predictions about the grouping of an individual data point. 
Nayak et al.  [2020] utilized KNN and NBC classifiers for 
recognition of Hindi language. A combination of SVM, 
KNN, AdaBoost, Logistic and XG Boost classifiers was 
proposed by P. Dhar et al [2021] using LPC and MFCC 
features for Bangla Language. In [2018] R. Darekar et al. 
utilized PSO and FF networks for Marathi language 
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dataset by extracting features like pitch, cepstral and NMF. 
Authors achieved an accuracy of >10.85% than 
conventional models. 

Neural Networks (NN): In [2011, 2020] Agarwal S. 
explored LMM model, evaluation and neural network 
classifier using prosody and spectral features on various 
emotions such as anger, sadness, fear. K.S. Rao et al. 
[2011] explored Auto associative neural network and SVM 
for   Hindi language   dialect identification and emotion 
recognition. 

Long Short-Term Memory (LSTM): Sandeep Kumar et 
al.  [2021] used Deep LSTM for Hindi language emotion 
recognition using GMFCC and DMFCC features. Models 
such as Enhanced Deep Hierarchical LSTM & GRU 
(EDHLG), EDHBG, EDHGL, EDHGB   & EDHGG are 
developed with dropout layers and are explored by J.B. 
Fernandes et al. [2022] for Tamil language emotion 
recognition. 

Convolutional Neural Network (CNN): The CNN 
architecture is an arranged group of neural networks in a 
particular order with layers of different sizes, where each 
layer performs a particular contribution. The earlier layers 
learn low-level features, while the deeper layers learn 
high-level features that represent, for example, the speaker 
in a speech or object in an image. A typical CNN model 
consists of several convolutional layers, which transform 
the spectrogram of speech into several feature maps. Time-
frequency maps are extracted through the convolution of 
speech waves with a wide range of filters during the 
training phase. Pooling layers are a type of CNN layer that 
is placed after convolution layers to abstract the network. 
Pooling layers reduce the spatial resolution of 
convolutional feature maps, which reduces network 
computation. A.H. Meftah et al. [2021] 

In [2020] T. Tulasi Sasidhar et al. used CNN and Bi LSTM 
on the Bilingual model for sentences for Hinglish (Hindi+ 
English) language.  A combination of CNN, LSTM, 
XBoost, LightGBM, CatBoost Model is explored by P. 
Mehra et al. [2022] for different Indian languages such as 

Hindi, Tamil, Gujarati, Bangla, Telugu, Punjabi, Oriya and 
Urdu speech emotion recognition. 

K-means Clustering:  In [2015] S. Bansal   et al. used K-
means clustering algorithm for Hindi language. The Fuzzy 
K-means algorithm is explored by S. Mohanty et al [2011] 
for Oriya language. A combination of classifiers like 
AdaboostM1, regression, decision stump, J48 is explored 
for different languages such as Urdu, Pashto, Punjabi, 
Sindhi and Balochi by S. Ali   et al. [2015]. A gradient 
boosting machine learning classifier is used by C. 
Chakraborty et al. [2022] for Bangla language by 
extracting phase based cepstral features. 

Random Forest Algorithm: Random forests are a 
combination machine learning algorithm. Which are 
combined with a series of tree classifiers, each tree cast a 
unit vote for the most popular class, then combining these 
results get the final sort of result. RF possess high 
classification accuracy, tolerate outliers and noise well and 
never got overfitting. Y.liu et al [ 2012] M. Farhad et al. 
[2021] explored Random Forest and meta iterative 
algorithms for Arabic, English, and Urdu language 
emotion classifications. 

Ensemble classifier: Ensemble learning is a machine 
learning paradigm that proposes to use multiple models to 
create a stronger model. The fundamental idea behind 
ensemble learning is that a group of models, when 
working together, can outperform any individual model. Y. 
Liu et al. [2012].  Zehra W. et al. [2021] uses a support 
vector machine to provide good classification results. 
Furthermore, this study uses Random Forest, another 
benchmark classifier used widely for classification of 
problems. Decision Tree (J48) is also used to classify data 
into its respective category. Finally, this study uses an 
ensemble learning approach through majority voting. The 
proposed approach utilizes SMO, RF, and J48 classifier in 
an ensemble for cross-corpus emotion recognition. 

The following table shows Indian languages and classifiers 
used for speech emotion recognition. 

Table 3: Indian languages and classifiers used for speech emotion recognition 
S. No Year Language Type of classifier Name of Classifier 

1 
Kandali A. et al. 

(2008) 
Assamese (native 

language) Selection Based GMM 
2 Deka B et al. (2019) Assamese -- -- 

3 
Chaudhary N.et al. 

(2022) Assamese Data Dependent 
Multilevel SVM 

classifier 
4 S.B.Wankhede Hindi and Berlin Data Dependent SVM and LIBSVM 

5 
Agarwal et al. 

(2011) Hindi Neural Network 
Evaluation test and NN 

classifier 

6 
Agarwal et al. 

(2020) Hindi Neural Network 

LMM model, 
evaluation and neural 

network classifier 

7 
Rao K. S. et al. 

(2012) Hindi Data Dependent AAAN and SVM 

8 
Koolagudi et al. 

(2012) Hindi Selection Based GMM 
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9 Nayak et al. (2020) Hindi Data Dependent KNN and NBC 

10 
Sandeep Kumar et 

al. (2021) Hindi Neural Network A deep LSTM 

11 
Bansal S. et al. 

(2015) Hindi Data Dependent K-means clustering 

12 
Mohanty S. et al. 

(2011) Oriya Data Dependent 
Fuzzy K-Means 

Clustering 

13 
Swain M et al. 

(2022) 
Odia and 

RAVDEES Data Dependent 

Ensemble classifiers 
using SoftMax and 

Support Vector 
Machine classifier 

14 Joshi D. et al. (2013) Marathi Data Dependent SVM Classifier 

15 
Kamble V et al. 

(2015) Marathi Selection Based GMM Model 

16 
Darekar R. et al. 

(2018) Marathi Neural Network 

PSO and FF networks- 
Dimensionality 

reduction using PCA 

17 

Sweta Padman and 
Dhiraj Magare 

(2022) Marathi Data Dependent SVM 

18 
Bharti D et al. 

(2020) Hindi, Marathi Data Dependent GFCC, ALO, MSVM 

19 
T Tulasi Sasidhar et 

al. (2020) 
Hinglish 

(Hindi+English) Neural Network CNN Bi LSTM 

20 Dhar P. et al. (2021) 
Bangla and 
RAVDEES Data Dependent 

SVM, KNN, AdaBoost, 
Logistic, XGBoost 

21 
S. Sultana et al 

(2021 
Bangla and 

American English Data Dependent SVM Classifier 

22 
Chakraborty, C. et 

al. (2022) Bangla -- 

Gradient boosting 
machine-based 

classifier 

23 Saad F. et al. (2021) Bangla and English 
Neural network, Data 

Dependent 
HMM, GMM, ANN, 

SVM 

24 Ali S. et al. (2015) 

Urdu, Pashto, 
Punjabi, Sindhi and 

Balochi Data Dependent 

AdaboostM1, 
classification via 

regression, decision 
stump, J48 

25 
Mehra P. et al. 

(2022) 

Hindi, Tamil, 
Gujarati, Bangla, 
Telugu, Punjabi, 

Oriya, Urdu Neural Network 

CNN, LSTM, XBoost, 
LightGBM, CatBoost 

Model 

26 
Koolagudi et al. 

2009 Telugu Statistical Based Euclidean distance 
27 C Vijesh Joe (2014) Tamil Data Dependent SVM 

28 
Rajisha T. M et al. 

(2015) Malayalam 
Data Dependent and 

Neural Network SVM and ANN 

29 
Pravena D. et al. 

(2017) 
Tamil, Malayalam 
and Indian English Selection Based GMM Model 

30 
V.Sowmya et al. 

(2020) Tamil Data Dependent SVM Classifier 

31 
Fernandes J. Bennilo 

et al. (2022) Tamil Neural Network 

Enhanced Deep 
Hierarchical LSTM & 

GRU (EDHLG), 
EDHBG, EDHGL, 

EDHGB & 
EDHGG are developed 

with dropout layers. 
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32 
Kannada Guli P. et 

al. (2018) Kannada Data Dependent 
Naïve Bayesian and 

HMM 

33 
Kamaldeep K. et al. 

(2021) Punjabi – Subjective Evaluation 

34 
Sirsa et al. (.2013). Indian English, 

Hindi, Telugu -- 

Perceptual test, Linear 
mixed effects 

modelling 

35 
M. Farhad et al. 

(2021) 

Arabic, English, 
and Urdu 
languages. Data Dependent 

Random Forest, Meta 
Iterative Classifier 

Section -IV Performance Evaluation parameters: The 
performance evaluation of speech recognition systems is 
done using subjective and objective evaluation parameters. 

I.  Subjective Evaluation: The goal of the subjective 
evaluation listening tests is to estimate the capability of 
the human beings in recognizing the basic 
emotions.  Koolagudi et al. [2009] used   emotion 
classification performance, based on subjective 
evaluation of various emotions like anger, compassion, 
disgust, fear, happy, neutral, sarcastic, surprise. 

II.  Objective evaluation parameters used are as 
follows:  The performance of the classifiers is 
evaluated using mathematical parameter  such as  
standard deviation, Mean/average of parameters,  
mathematical formulation for accuracy, confusion 
matrix,  analysing various  acoustic characteristics of 
voice, by observing ROC Curve, emotion error rate, 
cross fold validation  /accuracy  rate, recognition rate, 
within and cross corpus performance analysis. 

Standard deviation and Mean/ Average of parameter: 
Standard     deviation are measures of data dispersion.  A 
low standard deviation means that the data observations 
tend to be very close to the mean, while a high standard 
deviation indicates that the data are spread out over a large 
range of values. 

σ! = "
#
∑ (𝑥$ − 𝑥̅)!#
$%"              (1) 

where 𝜎!is the variance, 𝑁is the number of samples, 𝑥$is 
the 𝑖-th value, and 𝑥̄is the mean. 

A. Kandali et al [2008] calculated percentage of success 
scores by GMM classifier with 43 MFCC features   on 
cases of text-independent, speaker-dependent and text-
independent, speaker-independent for emotions such as 
anger, disgust, fear, happiness, sadness, surprise and 
neutral. 

Mathematical formulation for Accuracy: True Positive 
(TP), True negative (TN), False Positive (FP) and False 
Negative (FN) values are calculated for evaluation.  TP 
stands for the number of correctly anticipated emotions.  
The number of emotions detected by the model (FP) is not 
the same as the number of genuine emotions. The number 
of emotions that do not match is denoted by FN. The 
output is an emotion but not the genuine emotion; TN is 
the number of erroneous emotions discovered. Based on 
these values, evaluation parameters such as    Precision, 

Recall, Accuracy and F1 score are used to evaluate the 
model’s performance. 

Following are the equations for the same: 

a. Precision: 

Precision = &'
&'()'

                                   (2) 

b. Recall/Sensitivity: 

Recall = &'
'

                                                   (3) 

c. Specificity: 

Specificity = &#
#

                                                     (4) 

d. Accuracy: 

Accuracy = &'(&#
'(#

                                           
(5) 

e. F1 Score: 

𝐹1 = !⋅Precision⋅Recall
Precision(Recall

                             
  (6) 
Unweighted Accuracy (UA): 

𝑈𝐴 = Correct Predictions
Total Predictions

                               (7) 

f. Weighted Accuracy (WA) : 

𝑊𝐴 = ∑ Correct!
Instances!$                                                (8) 

g. Error rate/ Misclassification rate 

Error Rate = )'()#
'(#

                                (9) 

In [2022] M. Swain et al. calculated F1-measure of 
emotion for different classifiers on the Odia and 
RAVDESS datasets. In [2018] R. Darekar et al. evaluated 
performance of models by comparing it with the 
conventional methods in correspondence with varied 
performance measures like Accuracy, Sensitivity, 
Specificity, Precision, FPR, FNR, NPV, FDR, F1 Score 
and MCC. T. Tulasi Sasidhar et al. [2020] analysed 
performance metrics of classification models   using 
accuracy, precision, recall and F1 score on the Hindi 
dataset. S. Sultana et al. [2021] for the Bengali language 
dataset evaluated the classification task’s performance at 
two levels: overall accuracy and class accuracy. Weighted 
accuracy, unweighted accuracy, and average F1 values 
were generated to assess the overall performance. 
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Sensitivity, specificity, precision, and negative predictive 
value, were employed to report class-wise accuracy. P. 
Mehra et al. [2022] analysed performance of Indian 
languages such as Hindi, Gujarati, Marathi, Punjabi, 
Bangla, Tamil, Oriya and Telugu using precision, recall 
and accuracy measures. Nayak et al. [2020] calculated the 
accuracy percentage of males and females in text 
dependent and text independent data inputs. 

Emotion error rate: Kannadaguli et al. [2018] evaluated 
performance analysis of the models in terms of Emotion 
Error Rate (EER), which justifies that the dynamic 
modelling using HMM yields better results. 

Recognition rate:  of Assamese dataset on different 
features using SVM and ensemble classifier is done by N. 
Chaudhary   et al. [2022] authors have also analysed the 
combination of features using a confusion matrix for F0, 
Energy and MFCC over the linear kernel. The experiments 
were also analysed by parameters for evaluation like 
Overall Accuracy (OA), Kappa Index Analysis (KIA), 
Computational Expenses (Trg) and Receiver Operating 
Characteristic (ROC) for prediction capability. The 
accuracy of the classifier is evaluated using KIA and OA is 
responsible for calculating the overall performance of the 
classifier. 

ROC Curve: Receiver operating characteristic curves 
(ROC curves) are a useful visual tool for comparing two 

classification models.  ROC is a 2D graph between true 
positive (TP) rate and false positive (FP) rate for a data 
set. To plot an ROC curve for a given classification model, 
M, the model must be able to return a probability of the 
predicted class for each test tuple. With this information 
the tuple that is most likely to belong to the positive or 
“yes” class appears at the top of the list, and the tuple that 
is least likely to belong to the positive class lands at the 
bottom of the list. T. M. Rajish et al. [2015] obtained ROC 
Curve after training ANN and SVM classifiers.  Along 
with ROC curves, the author has analysed performance of 
classifiers using accuracy, sensitivity, precision, specificity 
and F-measure with confusion matrix. 

Emotion recognition rate:  Sandeep Kumar et al. [2021] 
compared % emotion recognition rate of male, female 
emotional speech and gender recognition   with   other 
deep LSTM models.  F. Saad   et al. [2021] evaluated 
emotion recognition rate of   classifier for Bangla, English 
and English_ TESS speech set. Classification rate of 
Integrated Bangla & English TESS Speech Set and binary 
classification emotion performance for sad, disgust and 
fear emotions for Bangla and English language dataset. 

Confusion Matrix:  The confusion matrix is a useful tool 
for analysing how well a classifier can recognize tuples of 
different classes. TP and TN tell us when the classifier is 
getting things right, while FP and FN tell us when the 
classifier is getting things wrong. 

 Predicted Class 
  Yes No Total 

Actual Class Yes TP FN P 
 No FP TN N 
 Total P’ N’ P+N 

S.B. Wankhede et al. [2011] used a confusion matrix as an 
evaluation measure to analyse the performance for SVM 
and LIBSVM classifiers on a Hindi dataset.  K.S. Rao et 
al. [2011] evaluated performance of the AANN based 
Hindi dialect identification system developed using 
spectral features and prosodic features using a confusion 
matrix. For analysing the accuracy of emotion recognition, 
S. Mohanty   et al [2011] drew a confusion matrix from 
Fuzzy K-Means technique and found that “surprise” as an 
emotion is well recognized as compared to “anger” 
followed by “happiness” for Oriya language. In [2022] M. 
Swain   et al. analysed a confusion matrix of seven class 
emotions on Odia dataset with different classifiers such as   
DCRNN   with soft max, DCRNN with SVM classifier 
and Ensemble classifier. D.  Joshi   et al. [2013] evaluated 
performance of an SVM classifier using a confusion 
matrix on a Marathi language dataset. V. Soumya et al. [ 
2020] evaluated performance of SVM classifier for Tamil 
Language dataset using confusion matrix. 

Cross fold validation/Accuracy: Cross fold accuracy of 
EDH LG/BG/GL/GB/GG Layers is evaluated by 
Fernandes J.B et al. [2022], also overall performance of 
datasets using Enhanced Deep Hierarchical LSTM & GRU 
(EDHLG), EDHBG, EDHGL, EDHGB & EDHGG is 

analysed by various parameters such as best and average 
accuracy, evaluation time and training time 

The acoustic characteristics of the voice: Such as 
intensity, pitch, and length, are also influenced by emotion. 
Sentence   acoustic analysis is performed.  Formula 

Sweta Padman and Dhiraj Magare [2022] evaluated Pitch 
contours for various emotions like fear, neutral, happiness, 
boredom, sadness etc. and analysed confusion matrix for 
recognition using pitch based and MFCC based features of 
Marathi language dataset.                 [ Agrawal 2020] 
analysed values of Pitch, Energy, ZCR & MFCC of 6 
utterances in different emotions using PCA and LDA 
classification techniques. 

Acoustic analysis of different emotions: [Agarwal, 2011] 
evaluated F0 curve in the utterances of anger emotion rise 
and fall at the beginning of the sentence and fall towards 
the end of the sentence.  For fear, the pitch rises at the 
beginning of the sentence and remains the same before it 
falls at the end of the sentence. For Happy mood, the F0 
curve of utterances has a pattern at the beginning of the 
sentence and rises and falls at the end of the sentence. For 
natural mood, pitch falls at the end of the sentence and 
rises and falls in the beginning of the sentences. For sad 
emotion, the F0 curve has falls and rise in the beginning of 
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the sentences and for surprise emotion, the F0 curve shows 
fall and rise in the beginning of the sentences and falls at 
the final position. It has been observed that the intensity 
curve changes corresponding to the pitch in most of the 
emotions except for surprise emotion. The author has also 
evaluated performance of emotions such as happiness, 
anger, sadness and fear in continuous speech by a neural 
network classifier using a confusion matrix. 

Comparative analysis of prosodic features: Ali et al. 
[2015] evaluated the impact of prosodic feature (pitch) on 
learning classifiers, the experimental framework is divided 
into two portions with the possible combinations of 
prosodic features with and without pitch. 

Within and cross corpus experiment analysis:  Zehra W. 
et al. [2021] conducted   multiple experiments by setting 
Urdu as the base language to test against the remaining 
three languages (English, German, and Italian).  In within 
corpus experiment, the researchers used training and 
testing data from the same corpus. In cross corpus 
experiment, each language is used as training and others as 
testing using ensemble learning approach. 

Discussion:  In automatic speech emotion recognition, 
there is a need for multilingual speech emotion recognition 
(SER) systems in countries like India, which have a 
diverse range of languages. Compared to languages such 
as English, Indian languages face a shortage of established 
and publicly accessible datasets. Most research conducted 
to date focuses on recognizing speech emotions using 
simulated and induced datasets, with very few natural 
speech datasets available. Languages can differ 
significantly in their grammatical and morphological 
properties. Dialect variation can arise from differences in 
word usage, accents, or the arrangement of speech. 
Additionally, variations in speech are often influenced by 
different speakers, their speaking styles, and their speaking 
rates. The environment and culture in which a speaker 
expresses emotions also play a crucial role. According to 
T. M. Wani et al. (2021), the trends in emotion recognition 
for many Indian languages remain largely unexplored. It 
would be beneficial to evaluate the established features of 
various Indian languages for emotion recognition. One key 
challenge in developing speech emotion recognition 
systems is identifying appropriate features that effectively 
characterize different emotions (Ayadi et al., 2011). 
Alongside feature selection, it is essential to determine 
suitable models that can capture emotion-specific 
information from the extracted speech features. However, 
there is limited research on multilingual cross-corpus 
speech emotion recognition within Indian languages 
compared to the wealth of studies available that focus on 
English and other languages. 

Section -V Conclusion: To enhance the performance of 
human-machine interaction, accurate speech emotion 
recognition (SER) is crucial. While there is a wealth of 
literature available on SER in Western and European 
languages, there is limited information concerning Indian 
languages. In this study, a substantial number of research 

papers were reviewed based on four key parameters: 
datasets, features, classifiers, and evaluation metrics for 
SER in Indian languages. Current research emphasizes the 
availability of datasets, as well as the extraction and 
selection of features to improve performance. The 
literature indicates that selecting appropriate classifiers 
presents a significant challenge. Given the variations in 
dialects, accents, and speech patterns across different 
Indian languages, classifiers that perform well in Western 
and European languages may not yield the same results for 
Indian languages. Recent studies have also explored the 
implementation of deep neural networks in emotion 
recognition systems. This paper further examines various 
subjective and objective evaluation metrics used in 
existing literature to assess the performance of SER. 
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